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How characteristic is the species characteristic selection scale?






















Aim: The	 importance	 of	 framing	 investigations	 of	 organism–environment	 rela‐
tionships	 to	 interpret	patterns	at	 relevant	 spatial	 scales	 is	 increasingly	 recognized.	
However,	most	research	related	to	environmental	relationships	is	single‐scaled,	im‐
plicitly	or	explicitly	assuming	that	a	“species	characteristic	selection	scale”	exists.	We	
tested	 the	premise	 that	a	single	characteristic	 scale	exists	 to	understand	species– 
environment	 relationships	within	 species	 by	 asking	 (a)	what	 are	 the	 characteristic	












dance–environment	 relationships	within	 species,	 rather	we	 found	substantial	 vari‐
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1  | INTRODUC TION
Species	 abundance	 is	 a	 realization	 of	 multi‐level	 habitat	 selec‐
tion	 (sensu	 Johnson,	 1980)	 as	 well	 as	 within‐level,	 species–envi‐
ronment	 relationships,	 and	 is	 therefore	expected	 to	be	 shaped	by	
ecological	 processes	 that	 manifest	 across	 various	 spatial	 extents	
(hereafter,	 spatial	 scales).	 Understanding	 the	 relevant	 scale(s)	 of	
species–environment	 relationships	 is	a	critical	 component	of	habi‐
tat	and	resource‐selection	studies,	as	well	as	species	abundance	and	































or	 making	 inferences	 at	 inappropriate	 spatial	 scales	 is	 problematic	
when	species–environment	relationships	are	scale‐dependent.	When	
there	 is	 not	 a	 consistent	 pattern	 of	 species–environment	 response	




Wu	&	Li,	2006)	exists	at	 the	 species	 level	and	can	be	extrapolated	
across	environmental	parameters	impacting	species’	response.








of	 the	 study	was	on	a	 single	 environmental	 characteristic	 (i.e.,	 for‐
est	amount;	Holland	et	al.,	2004),	and	assumed	a	unimodal	species	
response	curve.	Current	single‐scale	studies	may	have	extrapolated	




investigations,	 and	meta‐analyses	 that	 average	 the	 scales	of	effect	
across	predictors	to	a	single	species’	characteristic	scale.	Most	stud‐
ies	now	consider	the	influence	of	multiple	environmental	attributes	







istence	of	 a	 single	SCSS	 (e.g.,	 generated	 through	allometric	 scaling	








attributes,	 or	 whether	 the	 average	 of	 SCSSs	 across	 multiple	 envi‐
ronmental	attributes	is	an	epiphenomenon	without	biological	signif‐
icance.	The	widespread	use	of	single‐scale	models,	and	overarching	
goal	 of	 identifying	 a	 single	 “best”	 species’	 characteristic	 selection	
scale	likely	oversimplifies	species–environment	relationships,	ignores	
the	potential	for	multiple	important	spatial	scales,	and	misrepresents	
uncertainty	 in	 spatial	 scale	 dependencies,	 potentially	 clouding	 our	
understanding	of	the	ecology	and	evolution	of	scale	dependency.
Despite	 the	 pervasiveness	 of	 single‐scale	 studies	 in	 the	 litera‐
ture,	neither	 the	notion	 that	a	 single	SCSS	 is	pervasive	across	 spe‐
cies,	nor	the	possible	mechanisms	generating	a	single	SCSS	have	been	
K E Y W O R D S
Bayesian	latent	indicator	scale	selection,	characteristic	scale,	multi‐scale,	N‐mixture,	SCSS,	
spatial	scale,	species–environment	relationship
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substantiated	with	 empirical	 evidence	 (Stuber,	 Gruber,	 &	 Fontaine,	
2018),	 questioning	 the	 validity	 of	 single‐scale	 studies,	 and	 increas‐
ingly,	findings	from	meta‐analyses	of	multi‐scale	studies.	The	concept	
of	a	single	SCSS	challenges	much	of	what	we	understand	about	how	













If	 characteristic	 scales	 of	 response	 are	 consistent	 across	 en‐





with	environmental	 attributes	at	 a	 single	 spatial	 scale,	or	more	 im‐




































Reserve	 Program	 (CRP)	 grassland	 (land	 historically	 in	 agricultural	
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production	but	re‐planted	with	native	grass	species),	non‐CRP	grass‐

































as	a	 random	effect	 to	account	 for	among‐individual	differences	 in	
surveyor	 ability	 (Diefenbach,	 Brauning,	 &	Mattice,	 2003;	 Kendall,	
Peterjohn,	&	Sauer,	1996).
2.4 | Quantifying within‐species characteristic 























variables	 available	 in	 the	 study;	 however,	 at	 each	 iteration,	 each	
predictor	 could	 take	 a	 different	 spatial	 scale	 proportional	 to	 the	






were	 run	 longer	 until	 they	were	 assessed	 to	 converge	 (posterior	
distributions	 based	 on	 50,000	 iterations).	 For	 regression	 coeffi‐
cients	we	used	relatively	weak	priors,	normally	distributed	around	










tial	 autocorrelation	 left	unexplained	by	model	 terms,	and	did	not	
find	 evidence	 suggesting	 unexplained	 autocorrelation	 based	 on	
semi‐variograms.




linear	mixed	 effects	meta	model	 (package	 “lme4”;	 Bates,	Mächler,	
Bolker,	 &	Walker,	 2014)	 on	 the	 chosen	 PCSSs	 for	 each	 of	 the	 six	
land	cover	variables	across	all	species	including	only	the	random	ef‐





=β0+γspeciesi +εi.	 There	was	one	data	point	 i 	 for	 each	 com‐
bination	of	 species	 and	 land	 cover	 predictor,	γspeciesi	 represented	 a	
zero‐mean	normally	distributed	random	intercept	effect	of	species,	
and εi	 represented	 an	 independent	 and	 normally	 distributed	 error	
term.	We	simulated	 the	posterior	distribution	of	 the	normal	 linear	
model	using	the	sim	function	 (package	“arm”;	Gelman	et	al.,	2015)	
     |  1843STUBER and FOnTaInE
based	on	5,000	draws.	We	estimated	the	among‐species	repeatabil‐
ity	 (also	 referred	 to	 as	 the	 intra‐class	 correlation	 coefficient,	 ICC)	
of	 PCSS	 as	 the	 amount	 of	 among‐species	 variance	divided	by	 the	
sum	of	among‐species	and	residual	variance	(following	Nakagawa	&	




within‐	 and	among‐species	 components	 to	express	 the	 amount	of	
variation	 that	 is	 consistent	 across	 repeated	measures	 within	 spe‐
cies	(e.g.,	here,	repeated	measures	are	based	on	multiple	land	cover	
variables),	and	assess	the	within‐species	correlation	among	repeated	
measurements	 (Nakagawa	 &	 Schielzeth,	 2010).	 A	 high	 intra‐class	
correlation	coefficient	would	indicate	that	species	have	consistently	
(e.g.,	 across	 the	 six	 land	 cover	 variables)	 different	 PCSSs	 on	 aver‐
age,	which	might	arise	for	example,	if	larger	species	exhibited	larger	
PCSSs	than	smaller	species.	A	low	intra‐class	correlation	coefficient	
















tailed	grackle,	Quiscalus mexicanus;	 Say’s	phoebe,	Sayornis phoebe; 
and	 western	 wood‐pewee,	 Contopus sordidulus)	 to	 a	 maximum	 of	






3.1 | What are the characteristic scales that explain 
species–environment relationships when considering 
multiple environmental parameters?
Designating	the	predictor‐specific	spatial	scale	with	the	highest	pos‐
terior	 probability	 as	 the	PCSS	 resulted	 in	 each	 of	 the	 nine	 spatial	
scales	being	selected	as	a	PCSS	for	at	least	two	species	(maximum	21	
species	had	the	same	PCSS	in	a	single	predictor;	Figure	2).














3.2 | Within species, is a single best scale for 
species–environment relationships a general 
phenomenon across a taxonomic group of species?






Passerina caerulea;	 four,	 red‐bellied	woodpecker,	Melanerpes caroli-
nus;	 only	 red‐bellied	 woodpecker	 in	 the	 high‐prevalence	 dataset;	
Land	cover	type
Mean Minimum Maximum
500 m 20	km 500 m 20	km 500 m 20	km
Row crop 0.28 0.34 0.00 0.00 0.96 0.85
CRP 0.04 0.02 0.00 0.00 0.47 0.09
Grassland 0.44 0.41 0.00 0.04 1.00 0.97
Small grain 0.09 0.10 0.00 0.00 0.96 0.62
Woodland 0.04 0.04 0.00 0.00 0.56 0.21
Wetland 0.01 0.01 0.00 0.00 0.51 0.09
Note: CRP	=	Conservation	Reserve	Program	grassland.










We	 found	 high	 residual	 variance	 in	 our	 linear	 mixed‐effects	
meta‐model,	 which	 indicated	 that	 PCSS	 is	 not	 consistent	 within	
species	across	predictor	variables	and	all	species	considered	could	
display	PCSSs	across	the	full	range	of	scales	considered;	high	resid‐
ual	variance	 remains	even	 if	we	only	consider	PCSSs	with	at	 least	
.5	 posterior	 probability	 in	 this	 model	 (100	 observations	 from	 45	
species;	data	not	shown).	We	did	not	detect	among‐species	repeat‐
ability	in	the	PCSS	of	multiple	predictors,	indicating	that	species	did	
not	 differ	 in	 their	 average	 scale	 of	 response	 [linear	 mixed‐model	
estimated	 among‐species	 variance:	 152,215	 (95%	 credible	 inter‐
val	 (CI)	 105,023	 204,830);	 residual	 variance:	 49,165,740	 (95%	 CI	
44,837,500	 57,163,880);	 repeatability	 (R)	 =	 .003].	 If	 we	 restrict	
our	meta‐model	 to	consider	only	 species	with	a	prevalence	of	 .05	
and	greater	(e.g.,	observed	at	30	or	more	survey	locations;	35	spe‐
cies)	 residual	 variance	 remains	 similarly	 high	 [46,309,820	 (95%	CI	
38,426,720	 55,726,140)].	 Both	 among‐species	 variance	 and	 sub‐
sequently	 repeatability	 are	 indistinguishable	 from	 zero.	 The	 same	
pattern	holds	when	censoring	the	data	 to	prevalence	greater	 than	
.11	(e.g.,	observed	at	60	or	more	survey	locations;	23	species).	For	
comparison,	 if	 each	 species	 had	 the	 same	 scale	 selected	 for	 each	
land	cover	predictor	(e.g.,	low	within‐species	variation,	expectation	
of	a	SCSS	per	species)	we	would	expect	very	low	residual	variance,	
and	 very	 high	 among‐species	 variance.	 Simulating	 these	 data,	 for	
each	species,	assigning	 the	mean	selected	scale	 to	each	of	 the	six	
land	 cover	 predictors	 results	 in	 both	high	 among‐species	 variance	
(8,583,527;	95%	CI	8,577,667	8,588,796)	and	repeatability	(.99	95%	
CI	 .98	 .999)	 and	within‐species	 variance	 five	 orders	 of	magnitude	
smaller	than	the	actual	data	(116;	95%	CI	103,	132).




land	 (r	 =	 .25,	 95%	 confidence	 interval	 .04,	 .44),	 and	wetland	 land	
cover	variables	(r	=	.29,	95%	confidence	interval	.09,	.48).	There	was	
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4  | DISCUSSION
We	 demonstrate	 a	 framework	 for	 quantifying	 the	 characteristic	
scales	 of	 species–environment	 relationships	 across	 multiple	 en‐
vironmental	 predictors.	 Our	 results	 provide	 strong	 evidence	 that	
a	 single	 SCSS	 is	 not	widespread	 across	 species–environment	 rela‐
tionships,	which	 casts	 doubt	 upon	ubiquitous	 single‐scale	 studies.	

















might	 expect	 multiple	 scales	 of	 response	 particularly	 for	 species	
with	spatially	 independent	resource	requirements	 (i.e.,	 resource	or	





habitat.	 Furthermore,	 we	 could	 expect	 intraspecific	 variation	 in	
the	characteristic	 scales	of	various	environmental	attributes	 if	 the	
ecological	 processes	 shaping	 various	 environmental	 patterns	 (e.g.,	
disturbance,	 nutrient	 cycling	 and	 topography)	 operate	 at	 distinct	
scales	 (Holling,	 1985;	 Legendre,	 1993).	Our	 findings	 challenge	 the	
validity	 of	 the	 current	 general	 practice	 of	 conducting	 single‐scale	
analyses,	 which	 implicitly	 assumes	 that	 species	 respond	 to	 envi‐
ronmental	attributes	within	a	single	particular	spatial	scale	(i.e.,	the	
extrapolated	 SCSS),	 for	 example	 through	 metabolic	 or	 body	 size	
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tial	 scale	 characterizing	 environmental	 variation	 alone	determined	
an	SCSS,	we	might	not	expect	substantial	 interspecific	variation	in	
PCSSs	of	 environmental	 attributes.	Mismatches	between	 the	 fun‐
damental	 scales	 of	 ecological	 processes	 and	 the	 scale	 at	 which	 a	










Within	 species,	 the	 PCSSs	 of	 environmental	 predictors	 could	




pressures	 shaping	 different	 species–environment	 relationships,	 or	
maladaptive,	 for	example	with	spatial	variation	 in	ecological	 traps.	
Determining	 the	 intraspecific	 repeatability	 of	 PCSSs,	whether,	 for	
example,	a	PCSS	is	consistent	across	multiple	years	or	distinct	geo‐
graphic	 areas,	 would	 provide	 information	 on	 the	 degree	 of	 intra‐
specific	plasticity	in	spatial	relationships.	Uncovering	the	extent	of	
intraspecific	plasticity	would	allow	us	 to	begin	 to	 identify	 sources	
of	 variation	 in	 responses	 to	 environmental	 features.	 Although	we	
focus	on	spatial	scale,	it	is	important	to	note	that	temporal	scale,	and	
indeed	the	resolution	component	of	spatial	and	temporal	scale,	are	
also	 important	 considerations	 for	 similar	 ecological	 questions	 that	
will	 contribute	 to	 a	 complete	 perspective	 of	 scale	 dependency	 in	
space	use	(Urban,	Oneill,	&	Shugart,	1987;	Wiens,	1989).
Intraspecific	 designations	 of	 PCSSs	 resulted	 in	 both	 uni‐	 and	
multimodal	 probability	 distributions	 of	 candidate	 spatial	 scales.	
Because	 the	distributions	 for	 the	PCSSs	we	estimated	correspond	
to	 a	 single	 year	 of	 data	 collection	 assumed	 to	 represent	 a	 closed	
population,	 any	 multimodality	 reflects	 a	 snapshot	 of	 population	







cies	 response	 curves	 are	 typically	 assumed	 in	 species	 distribution	
modelling	where	 the	main	 assumption	 is	 a	 single	 fitness	 optimum	
on	an	environmental	gradient	that	reflects	the	highest	probability	of	
occurrence,	or	greatest	abundance	(Austin,	2002).	However,	similar	
to	multiple	peaks	on	a	 fitness	 landscape,	multimodal	patterns	 can	
be	expected	when	multiple	phenotypes	have	 isolated	 local	 fitness	




gradient	 perhaps	 representing	 local	 adaptation,	 it	 could	 manifest	
as	 multiple	 probability	 peaks	 in	 a	 PCSS	 designation,	 or	 contrib‐
ute	 generally	 to	 the	 substantial	within‐species	 variation	 in	PCSSs.	
Alternatively,	multiple	probability	peaks	could	also	indicate	multiple	
underlying	 ecological	 processes	 shaping	PCSSs	 (Miller	&	Hanham,	
2011).	If	a	single	environmental	characteristic	acts	as	a	cue	for	mul‐
tiple	resources	or	processes,	such	as	reflecting	breeding	habitat	at	
small	 scales	 and	predation	 risk	 at	 larger	 scales	 simultaneously,	we	
would	expect	two	PCSSs	with	high	probability.
Closer	 inspection	of	 a	 subset	of	 species	 (dickcissel,	Spiza amer-
icana;	 eastern	meadowlark,	 Sturnella magna;	 field	 sparrow,	 Spizella 
pusilla;	 grasshopper	 sparrow,	 Ammodramus savannarum;	 lark	 spar‐
row,	Chondestes grammacus;	northern	bobwhite,	Colinus virginianus; 
ring‐necked	pheasant,	Phasianus colchicus;	data	not	shown)	revealed	




timates	 (e.g.,	 not	 systematically	 increasing	 or	 decreasing)	 between	
scale	domains	(Wiens,	1989).	Small	changes	in	species–environment	
relationships	 across	 spatial	 scales	 suggest	 that	 presumably	 differ‐
ent	spatial	scales	are	within	the	same	“scale	domain”	(Wiens,	1989),	
or	 that	 scale	 dependency	 of	 species–environment	 relationships	 is	
continuous	–	every	change	in	scale	reflects	a	change	in	the	relation‐
ship.	For	cases	of	continuous	scale	dependency,	the	consequences	
of	 selecting	or	 collecting	data	at	 an	 inappropriate	 spatial	 scale	 are	










our	 failure	 to	 find	distinct	 transitions	between	the	spatial	 scales	 is	
further	evidence	that	the	SCSS	concept	may	be	overly	simplistic.
However,	 a	 flat	 posterior	 distribution	 across	 a	 range	of	 spatial	
scales,	 representing	 scale	 independence,	 can	 be	 interpreted	 as	 all	
spatial	 scales	 being	 either	 equally	 good	or	 equally	 bad	 at	 predict‐
ing	a	biological	response.	Decision	rules	would	need	to	be	carefully	
considered	to	establish	whether	a	particular	environmental	charac‐
teristic	 appears	 scale	 independent	 because	 there	 is	 no	 ecological	
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relationship	to	detect	(e.g.,	coefficient	effect	size	biologically	zero),	






concept	 to	 the	whole‐species	 level,	 there	 is	 value	 in	 continuing	 to	
conduct	 scale‐explicit	 studies.	 Species–environment	 relationships	
measured	at	one	 spatial	 scale	often	do	not	predict	 relationships	at	
another	 spatial	 scale.	 Inferences	made	 from	models	using	 informa‐
tion	from	non‐representative	spatial	scales	of	species–environment	
relationships	are	likely	to	generate	inappropriate	conclusions	(Shirk,	






Welsh,	 Cunningham,	Donnelly,	 &	 Lindenmayer,	 1996),	 and	 there	 is	
no	 substitute	 for	 additional	 observations	 when	 identifying	 multi‐
scale	species–environment	relationships.	Indeed,	while	we	collected	
a	 relatively	 large	dataset	 (>	500	 study	 sites,	 surveyed	 in	 replicate),	

























predicting	 the	 spatial	 scales	of	 species–environment	 relationships.	











relationships,	 and	 the	 evolution	 of	 scale	 dependency	 in	 these	 re‐
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1854  |     STUBER and FOnTaInE
APPENDIX 2 VARIATION IN PROPORTIONS OF L AND COVER VARIABLES AT 54 4 STUDY 
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(20 ‐KM R ADIUS) C ANDIDATE SPATIAL SC ALES E VALUATED WITH BAYESIAN L ATENT 
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